Abstract: Ecological vulnerability evaluations can provide a scientific foundation for ecological environment management. Studies of ecological vulnerability have mainly focused on typical ecologically vulnerable regions with poor natural conditions or severe human interference, and such studies have rarely considered eco-provinces. Taking Jiangsu, an eco-province under construction in China, as the study area, we evaluated the spatiotemporal distributions of ecological vulnerability in 2005, 2010 and 2015 at the kilometer grid scale and analyzed the effects of natural and anthropogenic factors on ecological vulnerability. The pressure state response model (PSR), geographic information systems (GIS), spatial principal component analysis, spatial autocorrelation analysis, and correlation analysis methods were used. The results of the study are as follows: (i) the effects of anthropogenic factors on ecological vulnerability are greater than those of natural factors, and landscape evenness and the land resource utilization degree are the main factors that influence ecological vulnerability.
Introduction
Vulnerability is the state of susceptibility to harm from exposure to stresses associated with environmental and social changes and from the absence of the capacity to adapt [1] . Assessments of ecological vulnerability require qualitative and quantitative knowledge of the vulnerability status in the region of interest and are crucial to understanding the factors that drive ecological vulnerability changes and provide a scientific foundation for the protection of the local ecological environment.
Understanding the factors that affect vulnerability is a precondition to evaluating ecological vulnerability. In summary, ecological vulnerability is governed by internal and external vulnerabilities. Internal vulnerability results from the structure of the eco-environment itself and is usually influenced by factors such as the hydrometeorology and topography of the area. External vulnerability is often affected by human activity factors, such as land use. Based on these factors, an index system can be established using appropriate models, such as the pressure state response (PSR) [2] and exposure sensitivity adaptive capacity [3] models, combining the intrinsic ecosystem functions and structures and the relationship between an ecosystem and the outside world. The weights of indicators in the index system can then be determined by various methods, such as the spatial principal component analysis method (SPCA) [4] , artificial neural network approach [5] , fuzzy analytical hierarchy process [6] , analytical hierarchy process [7] , and expert scoring method [8] . Unlike the other methods, SPCA can reduce, to some extent, the subjective influence associated with selecting indicators and determining weights. Moreover, geographic information systems (GIS) and PCA can be effectively combined to detect the spatial tendencies of factors [9] . Therefore, SPCA has become one of the most commonly used methods for weight assignment. The weighted summation of indicators can then be used to determine the ecological vulnerability.
Researchers have conducted various studies of ecological vulnerability evaluation. These studies mainly focused on two types of regions. Regions of the first type are those with poor natural conditions, including (i) extreme disaster areas, such as those influenced by floods [10] , earthquakes [11, 12] , tsunamis [13] , snowstorms [14] and fires [15] ; (ii) unsuitable climate areas, such as hyperarid [16] , arid and semi-arid areas [17] ; and (iii) high-altitude areas, such as plateaus [4] and hilly and mountain areas [18] . Regions of the second type are those with severe human interference, including (i) major project sites, such as the Three Gorges Reservoir area [19] and natural protected areas [20] ; (ii) environmental pollution areas, such as mining areas [21, 22] ; (iii) areas of rapid economic and social development, such as water and land junction areas [23] [24] [25] and urban areas [26, 27] ; and (iv) other areas, such as agricultural areas [28] .
Specifically, ecological vulnerability assessments in China have mainly focused on typical ecologically vulnerable regions, including the southern hilly areas, northern arid and semi-arid areas, Qinghai-Tibet Plateau, southwestern mountainous areas and eastern coastal water and land transfer areas [29] . However, the ecological vulnerability and associated spatial and temporal changes in Chinese eco-provinces have rarely been studied.
Taking Jiangsu Province, an eco-province under construction in China as the study area, we previously performed a kilometer grid scale ecological vulnerability evaluation using a composite ecological vulnerability evaluation index system based on the PSR model, GIS technology and the expert scoring method [8] . However, no further studies of the spatiotemporal variations in ecological vulnerability and the associated effects of natural and anthropogenic factors on ecological vulnerability have been conducted. This study evaluated the space-time patterns of ecological vulnerability in Jiangsu Province in 2005, 2010 and 2015 using spatial information technology. The use of SPCA instead of the expert scoring method improved the objectivity of the assessment results [9] . In addition, the main factors that influence ecological vulnerability were determined through correlation analysis. The results can help decision makers by providing comparatively rational information for planning and implementing effective ecological management strategies. 
Materials and Methods

Study Area
Jiangsu Province (Figure 1 ) is located in the center of the eastern coast of mainland China, downstream on the Yangtze River (30 • 45 to 35 • 20 N; 116 • 18 to 121 • 57 E). The province mainly consists of plains, which account for more than 70% of the total area, and the lowest elevation is located at the Yangtze River estuary. Some low mountains and uplands are concentrated in the south-west and north-west. Additionally, there are dense networks of rivers, lakes and canals, such as Tai Lake, Hongze Lake, the Grand Canal and the Main Irrigation Channel of North Jiangsu (MICNJ), in the area. The annual rainfall totals approximately 850 mm [30] . The area south of the MICNJ is characterized by a subtropical humid monsoon climate, whereas the northern area has a warm temperate humid monsoon climate. There are 23 meteorological stations in the study area.
There are 13 cities in the study region, and the capital is Nanjing. In recent years, Jiangsu Province has led the country in comprehensive economic power. However, it is a resource-constrained province with acute contradictions associated with a high population and limited land. In 2001, Jiangsu Province proposed a plan for constructing an eco-province. The plan is divided into three periods (near-term 2005, medium-term 2010, and long-term 2020), and the framework of the eco-province is expected to be complete by 2020 [31] . Therefore, it is essential to evaluate ecological vulnerability and the factors that influence ecological vulnerability for sustainable socioeconomic development in Jiangsu Province in the short-term and medium-term planning time nodes, and 2015 was chosen as another reference year to maintain the 5-year interval.
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Data Sources
The basic geographical data included administrative divisions vector data and a digital elevation model (DEM) with a resolution of 500 m.
The land use data included land use vector data from 2005, 2010 and 2015 that were produced via the artificial visual interpretation of Landsat thematic mapper (TM)/enhanced thematic mapper (ETM) image data. The land use classes include arable land, woodland, grassland, water bodies, built-up land, and unused land, with 6 types of upper-level classification, and the associated 
The basic geographical data included administrative divisions vector data and a digital elevation model (DEM) with a resolution of 500 m. The land use data included land use vector data from 2005, 2010 and 2015 that were produced via the artificial visual interpretation of Landsat thematic mapper (TM)/enhanced thematic mapper (ETM) image data. The land use classes include arable land, woodland, grassland, water bodies, built-up land, and unused land, with 6 types of upper-level classification, and the associated classification accuracy is greater than 94.3%. Additionally, 25 s-tier classifications are used, with the associated accuracy above 91.2% [32] . The land use classification system is shown in Table 1 , and the land use spatial distributions in Jiangsu Province are shown in Figure 2 .
The normalized difference vegetation index (NDVI) data included the annual NDVI at a 1000-m resolution in 2005, 2010 and 2015.
The soil texture data were raster data of the sand, silt and clay percentages at a 1000-m resolution. These data were compiled from the 1:1,000,000 national soil type map and the second national soil survey data.
The meteorological data included the daily mean wind speed in winter and spring (December to May), daily mean rainfall and daily mean temperatures in 2005, 2010 and 2015 from 23 meteorological stations in Jiangsu Province (Figure 1) .
The four types of data were derived from the Data Center for Resources and Environmental Sciences of the Chinese Academy of Sciences (RESDC) (http://www.resdc.cn), and these data have been widely used for research [33, 34] . The meteorological data were obtained from the National Meteorological Science Data Sharing Service Platform (http://data.cma.cn/). 
Methodology
Ecological Vulnerability Evaluation Index System
The ecological vulnerability evaluation index system based on land use, climate, topography and other data was established using the PSR model [17] . The system includes a target layer, a criterion layer and two index layers ( Table 2) .
The ecological sensitivity index, corresponding to the pressure layer, reflects the pressure of the ecological environment. The related second-level indicators include soil erosion sensitivity (ES) and soil desertification sensitivity (DS). The landscape pattern index, corresponding to the state layer, reflects the state of environmental quality, and landscape patch density (PD) and landscape evenness (SHEI) are the related second-level indicators. LA is the response of society to reduce the pressure on the environment through land use management measures, and LA corresponds to the response layer. 
Methodology
Ecological Vulnerability Evaluation Index System
The Calculation of the Second-Level Indicators
The calculations and operation methods of the second-level indicators are shown in Table 3 . Table 4 shows the sensitivity classification of the ecological sensitivity index. This process was conducted using ArcGIS10.2 (ESRI Inc., Redlands, CA, USA). 
the annual rainfall erosivity (J·cm/m 2 ·h); P i is the monthly mean rainfall (mm) [35] .
The monthly mean rainfall totals at 23 stations were calculated based on the daily mean rainfall. The R value at any station was then calculated, and the spatial distribution of R at a 1000-m resolution was obtained by the inverse distance weighted (IDW) interpolation method. Reclassification was performed according to Table 4 to obtain an R grade distribution map.
LS -
A 5 km × 5 km window analysis was conducted using the digital elevation model (DEM) to generate a LS spatial distribution map at a 500-m resolution. The map was then resampled to 1000 m using the nearest neighbor method. The reclassification to the LS grade distribution map was based on Table 4 . CM -According to Table 4 , the land use raster data were reclassified into a CM grade distribution map.
ST -
The ST spatial distribution was obtained from the integration of the raster data of the sand, silt and clay percentages with the con() function embedded in the raster calculator model of ArcGIS. This process was implemented according to the international grading standards for soil texture. The data were then reclassified to obtain an ST grade distribution map according to Table 4 . 
DS
DS was evaluated based on the vegetation coverage (C), moisture index (I), soil matrix (SM) and number of gale days (G) [36] . The C spatial distribution was calculated from the normalized difference vegetation index (NDVI) using the raster calculator in ArcGIS 10.2. The data were then reclassified to a C grade distribution map according to Table 4 .
∑ t is the annual cumulative temperature not less than 10 ; r is the annual rainfall during t ≥ 10 [38] .
The ≥ 10 annual accumulated temperature was calculated based on the daily mean temperature at each station. The annual rainfall during the period of daily mean temperature ≥ 10 was computed based on the daily mean rainfall. Then, the I value at any station was calculated and interpolated to obtain an I spatial distribution map at a 1000-m resolution. The reclassification to the I grade distribution map was performed according to Table 4 .
G -
The number of days when the daily wind speed was greater than 6 m/s from December to May was determined for each meteorological station [39] . A G spatial distribution map at a 1000-m resolution was then obtained through IDW interpolation of the day numbers. Reclassification was performed to obtain a G grade distribution map according to Table 4 . SM -According to Table 4 , the ST spatial distribution was reclassified to an SM grade distribution map.
N is the number of patches in the landscape unit; A is the area of landscape unit.
Grid method. A 1 km × 1 km fishnet was created and intersected with the land use vector data. Attribute statistics were obtained for the intersected data to determine N and A, and PD for each grid. The data table was joined to the fishnet, and the fishnet was rasterized with PD as the attribute value. 
. p(i) is the area proportion of land use type i in a grid; T is the total number of land use types.
Grid method. The specific steps refer to the calculation of PD.
the land use degree grading index; C i is the area proportion of level i in a grid. Land use degree grading standard is shown in Table 5 .
Grid method. The specific steps refer to the calculation of PD. The land use degree grading standards refer to Zhuang and Liu [40] . (1) and (2):
where A i is the standardized value of indicator x i ; and x max and x min represent the maximum and minimum values of x i , respectively.
(2) Determination of Weights Using a rotating coordinate system, SPCA can transform raw variables into fewer independent composite variables and effectively reflect the original information [42] .
Using the principal component module in ArcGIS, the eigenvector matrix of 5 s-level indicators and the contribution rates of principal components were obtained. The number of principal factors was 3 according to the principle that the cumulative contribution rate reaches 85%. Then, the common factor variance (H i ) of each second-level indicator was calculated based on Formula (3), and the weights (W i ) of the second-level indicators in 2005, 2010 and 2015 were further calculated (Table 6) using Formula (4):
where ik is the eigenvalue of second-level indicator i with respect to the principal component k. 
Spatial Autocorrelation Analysis
Spatial autocorrelation analysis, including global spatial autocorrelation and local spatial autocorrelation analyses, can reveal spatial scattering and clustering characteristics [43] .
Global spatial autocorrelation reflects the overall spatial relationship and is usually represented by the Global Moran's I index (I):
where n is the number of grids; x i and x j are the values of grids i and j, respectively; x is the mean value of x; and w ij is the spatial weight of grids i and j. When grid i is adjacent to grid j, w ij = 1; otherwise, w ij = 0. The range of I is [−1, 1]. If I > 0, the spatial correlation is positive. If I < 0, the spatial correlation is negative. Additionally, if I = 0, the spatial correlation is random.
The local spatial autocorrelation measures the correlation of adjacent regions, usually based on the local indicator of spatial association (LISA). According to the LISA, the study area was divided into five regions: (i) high-high (HH) regions, the region itself and its adjacent areas both have high ecological vulnerability; (ii) low-low (LL) regions, the ecological vulnerability of the region itself and its adjacent areas are low; (iii) low-high (LH) regions, the vulnerability of the region itself is low, with high vulnerability in the adjacent areas; (iv) high-low (HL) regions, the vulnerability of the region itself is high, and that of the surrounding areas is low; and (v) non-significant regions. There are spatial positive correlations in the HH and LL regions, negative correlations in the HL and LH regions, and no significant correlations in the non-significant regions.
This work was performed at the kilometer grid scale using OpenGeoda0.9.9.14 software.
Correlation Analysis
Three thousand random points were established in the study area. Five second-level indicators and the target layer were extracted to these points in ArcGIS. Then, simple correlation and partial correlation analyses between ecological vulnerability (x) and the second-level indicators (y, z . . . . . . ) were conducted in SPSS19.0 (IBM Inc., Armonk, NY, USA):
r xy,z = r xy − r xz r yz
where r xy , r xz , and r yz are the simple correlation coefficients of x and y, x and z, and y and z, respectively; x and y are mean values of x and y; x i and y i are the values of x and y at point i; and r xy,z is the partial correlation coefficient of x and y when z is controlled.
Results
Spatiotemporal Distribution of Ecological Vulnerability
Spatial Distribution of Ecological Vulnerability
The As shown in Figures 4 and 5 , slight vulnerability accounts for 10% to 15% of the study area. These areas mainly include lakes, canals and some central paddy fields and comprise 66% to 85% of all lakes.
Light vulnerability accounts for approximately 1/3 of the study area. These areas are widely distributed in plain regions concentrated between the MICNJ and the Yangtze River. Arable land accounts for 74% to 86% of this vulnerability class, and the area of paddy fields is approximately 2.5 times that of dry land. In the study area, approximately 39% to 47% of the paddy fields are lightly vulnerable.
Medium vulnerability accounts for approximately 1/3 of the study area. These areas are concentrated to the north of the MICNJ and are mainly composed of arable and built-up land. Arable land accounts for 63% to 69% of this vulnerability class, encompassing 40% to 44% of the dry land in the study area. Built-up land occupies 23% to 26% of this class, covering 40% to 50% of the rural settlements in the study area.
Heavy vulnerability accounts for 15% to 25% of the study area. These areas are scattered to the south of the Yangtze River and in north-western hilly areas. Overall, 52% to 54% of the heavy vulnerability areas is arable land, and 25% to 34% is built-up land. This vulnerability class covers 39% to 47% of the woodland and approximately 34% of the grassland in the study area.
The proportion of extreme vulnerability is 6% to 12%. These areas concentrated in mountainous and hilly areas and mainly consist of arable land, built-up land and woodland. Moreover, this vulnerability class covers 56% to 79% of the unused land and 33% to 54% of the woodland in the study area. As shown in Figures 4 and 5 , slight vulnerability accounts for 10% to 15% of the study area. These areas mainly include lakes, canals and some central paddy fields and comprise 66% to 85% of all lakes.
The proportion of extreme vulnerability is 6% to 12%. These areas concentrated in mountainous and hilly areas and mainly consist of arable land, built-up land and woodland. Moreover, this vulnerability class covers 56% to 79% of the unused land and 33% to 54% of the woodland in the study area. Sustainability 2018, 10, x FOR PEER REVIEW 14 of 24 
Temporal Variations in Ecological Vulnerability
The mean values of ecological vulnerability in 2005, 2010 and 2015 were 0.250  0.103, 0.263  0.097 and 0.288  0.121, respectively. The increasing trend indicates a rise in vulnerability. In addition, the areal proportions of slight and light vulnerability constantly decreased, the medium vulnerability proportion initially increased and then decreased, and the proportions of heavy and extreme vulnerability increased steadily (Figure 3) . Therefore, the ecological vulnerability gradually worsened.
From 2005 to 2010, the regions with unchanged ecological vulnerability accounted for 57.1% of the study area (Figures 6 and 7) . Areas with decreased ecological vulnerability accounted for 17.2% of the area. Approximately 55% of these areas were concentrated in the east-central coastal region of arable land, and 38% were located in built-up land areas along the north-eastern coast and in urban land areas. Areas with increased ecological vulnerability accounted for 25.7% of the study area. Notably, 60% of these areas were associated with north-western arable land, 18% with reservoirs and the borders of rivers and lakes, and approximately 10% with rural settlements. In hilly areas at high altitudes, the increase in vulnerability was obvious. 
The mean values of ecological vulnerability in 2005, 2010 and 2015 were 0.250 ± 0.103, 0.263 ± 0.097 and 0.288 ± 0.121, respectively. The increasing trend indicates a rise in vulnerability. In addition, the areal proportions of slight and light vulnerability constantly decreased, the medium vulnerability proportion initially increased and then decreased, and the proportions of heavy and extreme vulnerability increased steadily (Figure 3) . Therefore, the ecological vulnerability gradually worsened.
From 2005 to 2010, the regions with unchanged ecological vulnerability accounted for 57.1% of the study area (Figures 6 and 7) . Areas with decreased ecological vulnerability accounted for 17.2% of the area. Approximately 55% of these areas were concentrated in the east-central coastal region of arable land, and 38% were located in built-up land areas along the north-eastern coast and in urban land areas. Areas with increased ecological vulnerability accounted for 25.7% of the study area. Notably, 60% of these areas were associated with north-western arable land, 18% with reservoirs and the borders of rivers and lakes, and approximately 10% with rural settlements. In hilly areas at high altitudes, the increase in vulnerability was obvious. From 2010 to 2015, the areas where the ecological vulnerability level remained unchanged accounted for 60.4% of the total area. The ecological vulnerability level decreased in only 7% of the study area. Approximately 50% of the decreased regions were located at the borders of rivers and lakes, and the remainder was scattered in the arable land areas of the plains. Areas with increased ecological vulnerability accounted for 32.6% of the total area, of which approximately 60% were concentrated in arable land regions, especially in the central and southern paddy fields, and the remainder was associated with built-up land. The vulnerability of the built-up land along the north-eastern coast and the urban land areas increased significantly.
From 2005 to 2015, the regions with unchanged ecological vulnerability accounted for 51.8% of the study area. The ecological vulnerability level decreased in 7.9% of the study area. Approximately 59% of the decreased regions were scattered in arable land areas, forming small clusters in the dry land zone on the eastern coast and the paddy fields to the north-west of Hongze Lake. Additionally, 24% of the decreased regions were distributed in the urban land areas of the Yangtze River estuary. Areas with increased ecological vulnerability accounted for 20% of the total area. Sixty-four percent of the increased regions were concentrated in the arable land areas in the north-west, where the paddy field area is 2.4 times that of dry land. Moreover, approximately 24% of the increased regions were distributed in built-up land areas. In the north-western and southwestern hilly areas, the increase in vulnerability was particularly evident. From 2010 to 2015, the areas where the ecological vulnerability level remained unchanged accounted for 60.4% of the total area. The ecological vulnerability level decreased in only 7% of the study area. Approximately 50% of the decreased regions were located at the borders of rivers and lakes, and the remainder was scattered in the arable land areas of the plains. Areas with increased ecological vulnerability accounted for 32.6% of the total area, of which approximately 60% were concentrated in arable land regions, especially in the central and southern paddy fields, and the remainder was associated with built-up land. The vulnerability of the built-up land along the north-eastern coast and the urban land areas increased significantly.
From 2005 to 2015, the regions with unchanged ecological vulnerability accounted for 51.8% of the study area. The ecological vulnerability level decreased in 7.9% of the study area. Approximately 59% of the decreased regions were scattered in arable land areas, forming small clusters in the dry land zone on the eastern coast and the paddy fields to the north-west of Hongze Lake. Additionally, 24% of the decreased regions were distributed in the urban land areas of the Yangtze River estuary. Areas with increased ecological vulnerability accounted for 20% of the total area. Sixty-four percent of the increased regions were concentrated in the arable land areas in the north-west, where the paddy field area is 2.4 times that of dry land. Moreover, approximately 24% of the increased regions were distributed in built-up land areas. In the north-western and southwestern hilly areas, the increase in vulnerability was particularly evident. (Figure 8 ), the urban land to the south of the Yangtze River, and ④, the built-up land along the north-eastern coast, initially decreased and then increased. Additionally, the HH region in ①, the hilly area to the west of Hongze Lake, gradually decreased, and that in ②, the hilly area to the south-west of Hongze Lake, first increased and then decreased in area. The LL regions were mainly distributed in slight vulnerability areas, which were concentrated near water bodies. From 2005 to 2015, the LL area in ⑤, the eastern coastal paddy fields, first increased and then decreased; the LL area in ⑦, the middle section of the Yangtze River, first decreased and then increased; and the LL area in ⑥, the dry land area of the Yangtze River estuary, gradually increased. Moreover, the HH and LL autocorrelations in 2005, 2010 and 2015 generally reached 0.05 or 0.01 significance levels. The HL and LH regions were scattered in the study area. (Figure 8 ), the urban land to the south of the Yangtze River, and 4 , the built-up land along the north-eastern coast, initially decreased and then increased. Additionally, the HH region in 1 , the hilly area to the west of Hongze Lake, gradually decreased, and that in 2 , the hilly area to the south-west of Hongze Lake, first increased and then decreased in area. The LL regions were mainly distributed in slight vulnerability areas, which were concentrated near water bodies. From 2005 to 2015, the LL area in 5 , the eastern coastal paddy fields, first increased and then decreased; the LL area in 7 , the middle section of the Yangtze River, first decreased and then increased; and the LL area in 6 , the dry land area of the Yangtze River estuary, gradually increased. Moreover, the HH and LL 
Autocorrelation Characteristics of Ecological Vulnerability
Effects of Natural and Anthropogenic Factors on Ecological Vulnerability
The simple correlation and partial correlation results for the second-level indicators and ecological vulnerability are shown in Tables 7 and 8 . 
The simple correlation and partial correlation results for the second-level indicators and ecological vulnerability are shown in Tables 7 and 8 . Five second-level factors were significantly correlated with ecological vulnerability at the 0.01 level ( Table 7 ). The correlation coefficients of PD, SHEI, LA and ecological vulnerability were the largest, followed by the correlation coefficient of ES and ecological vulnerability. The correlation coefficient of DS and ecological vulnerability was a minimum. ES and DS represent natural factors, and PD, SHEI and LA are anthropogenic factors. Therefore, the effects of anthropogenic factors on the ecological vulnerability were greater than those of natural factors. In addition, PD, SHEI and LA were moderately or highly positively correlated with each other, with correlation coefficients greater than 0.5. Notably, the correlation coefficient of PD and SHEI was 0.84. ES was moderately or slightly correlated with PD, SHEI and LA, with correlation coefficients ranging from 0.37 to 0.57.
The partial correlation coefficients between natural factors and ecological vulnerability did not exceed 0.25 (Table 8) , so the natural factors had little effect on ecological vulnerability. The correlation between PD and ecological vulnerability was weak. SHEI and LA were moderately significantly positively correlated with ecological vulnerability, with partial correlation coefficients of approximately 0.5. Therefore, SHEI and LA are the main factors that influence ecological vulnerability.
Discussion
The natural conditions, such as climate and topography, in Jiangsu Province are superior, resulting in natural factors having little effect on ecological vulnerability. In recent years, rapid socioeconomic development in Jiangsu Province has led to changes in the ecological environment due to human activities. Land use, as an intuitive reflection of human activities, has a direct impact on ecological vulnerability [44] . The SHEI is a sensitive index that encompasses landscape heterogeneity. The higher the SHEI value is, the more complex the land use structure and the higher the fragmentation degree, then the greater the uncertainty of information, the more unstable the ecological system, and the greater the ecological vulnerability. LA refers to the human activities on the environment by modifying the structure of land use to mitigate and prevent their negative effects, based on an understanding of the ecological functions and values of different land use types. Therefore, as manifestations of land use, the SHEI and LA are the main factors that affect ecological vulnerability in the study area.
Slight vulnerability areas were mainly composed of water bodies. This result is related to the low SHEI and LA values of water bodies and is consistent with the findings of Qiao [45] . Light and medium vulnerability areas were concentrated in the arable lands of the plains, and these results are consisted with those of Fan et al. [46] . Specifically, the results are related to the effects of arable land on the composition and configuration of the landscape pattern [20] . Heavy and extreme vulnerability areas were mainly located in urban land areas and at high elevations. These results are associated with the high intensity of human activities in urban areas and the difficulty of environmental rehabilitation after disturbance at high elevations [3] .
Ecological vulnerability gradually increased from 2005 to 2015. This result is consistent with the following actual conditions in Jiangsu Province. Additionally, an ecological vulnerability assessment index system was constructed in this study based on land use, and the spatial and temporal changes in the ecological vulnerability of Jiangsu Province were analyzed from the aspects of land use, climate, topography, soil and vegetation to explore the ecological vulnerability and the influence factors. Therefore, the study did not involve other human activity-related factors, such as industrialization and eutrophication, in addition to land 
Conclusions
This study assessed the spatiotemporal distribution and influence factors of ecological vulnerability in Jiangsu Province. The conclusions of the study are as follows.
(1) The effects of anthropogenic factors on ecological vulnerability were greater than those of natural factors, and the SHEI and LA were the main factors that influence ecological vulnerability. (2) Most parts of Jiangsu Province exhibited light and medium ecological vulnerability. The areal proportions of different vulnerability levels sorted in descending order are as follows: light ≈ medium > heavy > slight > extreme. Slight vulnerability mainly included the areas of lakes and canals. Light vulnerability areas were mainly distributed in paddy fields between the MICNJ and the Yangtze River. Medium, heavy and extreme vulnerability areas were mainly composed of arable and built-up land. Medium vulnerability was concentrated to the north of the MICNJ; heavy vulnerability was scattered to the south of the Yangtze River and in north-western hilly areas; and extreme vulnerability was concentrated in hilly areas. Therefore, emphasis should be placed on the prevention and control of ecological vulnerability in high-altitude, urban land and coastal areas. In high-altitude areas, deforestation should be strictly prevented from replacing with arable land and buildings. Funding should be available for forest fire mitigation as needed, and ecological restoration measures should be improved. In urban and coastal areas, an environmentally sound and sustainable economic compensation strategy should be established to regulate human activities.
